Background: Estimating the disease prevalence and test accuracy (sensitivity and specificity) for two dependent screening tests when the status of individuals who are negative on both tests is unverified represents a considerable challenge, as the disease rates for individuals negative on both tests are not identifiable without additional assumptions.
Background
Screening programs for a specific disease or condition of interest are typically divided into two stages. In the first stage, a population of known size n is screened by simple and rapid but imperfect tests to classify people as likely or unlikely to have the disease or condition of interest.
In the second stage, individuals who appear likely to have the disease or condition are examined further using a gold standard test to confirm the disease or condition. To improve the sensitivity of these screenings, two simple and rapid tests are often used in the first stage [1] . If either of the tests is positive, then a full evaluation of the correct disease status using a gold standard classification is undertaken in the second stage [2] . This strategy is widely used in screening for chronic diseases, infectious diseases, and animal diseases [2] [3] [4] . One characteristic of this strategy is that negatives in both tests are not verified by a gold standard test because the disease probability in the sub-population is so low that further investigations are costly, unacceptable, and possibly unethical. Another characteristic is that the two tests in the first stage are often conditionally dependent on disease status and/or non-disease status [5] . If the two screening tests have a similar biological basis, as is often the case, the conditional dependence assumption is suitable. For example, when we use two fecal occult blood tests (occult blood tests and immunohistochemical methods) for colon cancer screening, a positive occult blood test is often accompanied by a positive immunochemical result; thus, the results of the two tests are dependent [2] .
Estimating the disease prevalence and test accuracy (sensitivity and specificity) when the two tests are dependent and when individuals negative on both tests are unverified is a considerable challenge, as the disease rate for individuals who are negative on both tests is not identifiable without additional assumptions [5] [6] [7] [8] [9] . Li et al. reviewed several methods for resolving the non-identifiability problem in the framework of classical statistics [8] . They classified these methods into two types. The methods of the first type are intended to solve the nonidentifiability problem by introducing additional assumptions about the association of the two tests. Walter et al. assumed that the two test errors were independent [9] , while van der Merwe also assumed that the two tests were independent under the disease status but dependent under non-disease status [10] . The methods in the second case resolve the non-identifiability problem directly by adding an assumption that is more likely to hold than the independence assumption [7] . Bohning and Patilea proposed a capture-recapture approach for screening using two diagnostic tests with information on disease status available for the test positives only [11] . Chu et al. proposed latent class models for screening studies using two screening tests, with a categorical disease status verified in positives test only [7] . However, these studies did not provide sufficient insight and details to solve the problem [8] . Li et al. presented a unified framework for solving the non-identifiability problem by saturating the model using certain homogeneous association assumptions [8] . In their paper, although the five distinct models provided different estimators, they were all saturated models and provided the same maximum likelihood. Therefore, they are not differentiable in terms of goodness-of-fit [8] .
Recently, Bayesian analysis has been used increasingly to solve the non-identifiability problem using prior information [12] [13] [14] [15] [16] [17] . Briefly, the use of this analysis is appropriate for three scenarios. The first involves the use of Bayesian model averaging (BMA) to address this challenging estimation problem, as a different homogeneousdependent model can provide the same goodness-of-fit for the data but with substantively different estimates [7] . The second scenario involves the application of BMA to inferences over conditional independence and dependence models for the estimation of disease prevalence in a situation involving two imperfect tests in the absence of a gold standard [18] . The third scenario involves the administration of a moderately effective but relatively cheap screening test to all subjects in the first stage, after which a gold standard test is performed on a subset of the high screen and low screen groups in the second stage [19] .
This article presents a unified framework to handle the non-identifiability problem by a two-stage Bayesian model using two-step hierarchical informative uniform prior on the sensitivities. We provide detailed Bayesian modeling for stages one and two, the specification of the prior distribution, and the calculation of the posteriors of the parameter distributions. The strategies for model evaluation and checking are proposed. We illustrate our approach using an example and simulation and conclude this article with a discussion and some remarks.
Methods

Two-stage Bayesian modeling
Data structure and estimated parameters The prevalence is defined as π = P(D+). The sensitivity and specificity for the ith test are defined as Se i = P(T i+ |D + ) and Sp i = P(T i-|D -), respectively. Furthermore, let CovDp and CovDn be the covariances between the two tests for diseases (CovDp) and for non-diseases (CovDn). Let ρ D+ and ρ D-be the correlation coefficients under the conditions of disease and non-disease, and let PPV JE be the positive predictive value of the simultaneous testing. These parameters are defined as follows [12, 20, 21] :
where Se JE and Sp JE denote the joint sensitivity and specificity of the simultaneous testing (described in equation (6))
where
Bayesian modeling for stage one According to the screening programs, in the first stage (see Table 1 , left column), two simple and rapid but potentially imperfect screening tests, denoted as T 1 and T 2 , are applied simultaneously to each of the units sampled. If either individual test is positive, this condition indicates a positive result of the joint test. The strategy is often called simultaneous testing and seeks to obtain a joint testing strategy with increased sensitivity [22] . Let vector Px = (Px 11 ,Px 10 ,Px 01 ,Px 00 ) be the probabilities, respectively, from the vector x = (x 11 , x 10 , x 01 , x 00 ). Supposing that n subjects are sampled randomly with prevalence π, the vector x has the following multinomial sampling distribution:
x e multinomial Px 11 ; Px 10 ; Px 01 ; Px 00 ð Þ ; n ð Þ ð 4Þ
Considering that the two tests are conditionally dependent under disease status and non-disease status, the multinomial cell probabilities are given by In stage one, the individuals are classified as likely to have the disease or condition of interest only if either of the two test outcomes is positive. The joint sensitivity and specificity of the simultaneous testing (denoted by the subscript JE, for 'Joint Either') are as follows:
Bayesian modeling for stage two
In the second stage, a gold standard test is used only for positive samples from the simultaneous testing of the first stage, whereas the negative samples are not verified by the gold standard test (see the right-hand column in Table 1 ). Obviously, in this case, the simultaneous testing of the first stage and the gold standard testing of the second stage constitute sequential testing [22] . This sequential testing is used mainly to increase feasibility because applying the gold standard test to the negatives is often costly, unacceptable, and unethical. Given that the gold standard test and the simultaneous testing are independent and that the sensitivity and specificity of the gold standard test are equal to 100%, the joint sensitivity and specificity of the sequential testing (denoted by the subscript JB, for 'Joint Both') are as follows:
where Se GS and Sp GS are the sensitivity and specificity of the gold standard (denoted by the subscript GS, for 'Gold Standard'), respectively. Let vector a = (a 11 , a 10 , a 0. ) denote the observed number for each combination in stage two, where a 0. is the sum of the test negatives from the first stage. Let Pa = (Pa 11 ,Pa 10 ,Pa 0. ) represent the respective probabilities from vector a. Consider that elements from the proportion vector of multinomial a are required the probabilities to sum to 1. The multinomial sampling distribution is given by a e multinomial Pa 11 ; Pa 10 ; Pa 0:
where the multinomial cell probabilities are given by
Prior distributions
For Bayesian statistics, we wish to use all available information at the design stage but might prefer a more vague, less risky prior at the data analysis stage [23] . To reduce the influence of subjective opinions on the data analysis as much as possible, we placed an informative prior distribution on a minimum number of parameters [24] . In principle, a uniform prior distribution or Beta prior distribution can be used over the set of unknown parameters. We chose the uniform non-Beta prior distribution because a uniform prior distribution is more easily accessible for non-statisticians and less risky in this study. For example, to determine the value of α and β for a Beta prior distribution, we need to know the corresponding mean and standard deviation or the 2.5 and 97.5 percentiles [25] , whereas for a uniform prior distribution, we need only to determine the range of estimated parameters. Especially for the main parameters (Se 1 , Se 2 , Sp 1 , Sp 2 ,) in this study, lower bound values for the uniform distribution are often estimated securely based on expert opinion, published papers, or even test kit instructions. For example, an epidemiologist can easily be assured that the sensitivity of the enzyme-linked immunosorbent assay (ELISA) for HIV antibody screening is higher than 80% [4] ; i.e., the lower bound of the uniform distribution is 0.8. However, a reasonable choice for the upper bound of a uniform prior distribution is sometimes difficult to determine because the accuracy of the test kit might differ under various practical conditions. We use the method of two-step hierarchical priors to set the upper bound of the uniform distribution. For an estimated parameter, such as sensitivity (Se i ), we first provide a uniform prior distribution (a Sei , b Sei ) and then give b Sei another uniform distribution (b 1Sei , b 2Sei ). The method of two-step hierarchical priors is a good strategy if it is difficult to determine the prior distribution using a one-step method; even though an incorrect prior is set in step two, the risk of this action resulting in a mistaken result is smaller than in a one-step prior [26] .
For sensitivity, we set two steps for the hierarchical uniform priors:
For specificities and prevalence, we might set a uniform prior distribution based on the characteristics of this type of study (see the Discussion section):
For covariances CovDp and CovDn, the feasible range is determined by the sensitivities among the diseased subjects and the specificities among the non-diseased subjects, where 0 ≤ CovDp ≤ min (Se 1 ,Se 2 )Se 1 Se 2 for the diseased subjects and 0 ≤ CovDn ≤ min(Sp 1 ,Sp 2 )Sp 1 Sp 2 for the non-diseased subjects [20] . Because prior information regarding the two covariances is typically unavailable, uniform prior distributions over these ranges can be used for CovDp and CovDn:
CovDp e uniform 0; min Se 1 ;
Calculation of the posteriors of parameter distributions
The posteriors of parameter distributions were calculated using Markov-chain Monte Carlo techniques, in particular the Gibbs sampler in WinBUGS (MRC Biostatistics Unit, Cambridge, UK) [27] . For the analyses presented in this paper, inferences were based on 105,000 iterations after discarding an initial burn-in of 5,000 iterations, with convergence assessed by running multiple chains from various starting values [28] . The WinBUGS code used in this paper is available in the Additional files 1 and 2 and can be altered easily for use with different data.
Model evaluation and checking
Model evaluation and checking are highly active areas of Bayesian statistics research. Researchers can use various statistics to determine the plausibility of an assumption of interest in light of the observed data [29] . In this study, we divide the model evaluation and the checking of the assumptions into individual and overall diagnostics. Individual checks are based on the cell in Table 1 , and overall diagnostics aim to check the more general assumptions of the model by DIC [21] , pD [5] , and the Chi-squared goodness-of-fit test. The technical details were given in Additional file 3. Given the special circumstance that the negatives for both tests are unavailable, none of the methods could be used alone in the preceding model checks because they diagnosed the models from a different perspective. For example, a local Chi-squared goodness-of-fit test is based only on known cells. For this reason, it is recommended that the above methods be combined for model checking.
Below, we present an ad hoc preliminary, exploratory model that serves to check the criteria, based on empirical information for this type of study. If (1) the values of DIC and pD are reasonable [5] ; (2) the p-value of the local χ 2 test is close to 0.5 or far from zero or one [29] ; (3) the 95% BCI of the estimated PPV (model key point) includes its actual value; and (4) most frequencies of the cells in Table 1 fall within their corresponding Bayesian credible intervals, we may conclude that the model fits the data well based on the current information and at a specified probability level.
Results and discussion
Results
Screening study for colorectal cancers
The data in Table 2 are based on the data of Castiglione et al. [30] . That study compared rehydrated guaiac testing (Hemoccult) on three consecutive bowel movements with immunochemical testing using reversed passive haemagglutination (RPHA-Hemselect) on the first bowel movement only to detect colorectal cancers or adenomas ≥ 10 mm in 5727 individuals aged 40-59 years. Subjects with a positive hemoccult and/or a positive/borderline hemeselect test were invited to undergo pancolonoscopy. A double-contrast barium enema was performed when pancolonoscopy was not possible. Further details of the methods used in the study were provided by Castiglione et al. [2] , and the data were analyzed by Geoffrey Berry et al [6] .
According to the description in of Prior distribution section of this paper, we placed hierarchical uniform priors on Se 1 and on Se 2 . These hierarchical priors were elicited based on the opinions of a co-author (Dr. Hao Yu) and on published papers [2, 30] . The expert opinion and previous information showed that the sensitivity of test 1 (rehydrated hemoccult) was less than the sensitivity of test 2 (RPHA-Hemeselect) and that the values of their lower bounds values were at least 0.5 and 0.6, respectively. The values of the upper bounds for Se 1 and Se 2 were assigned as much diffuse, less risky two-step hierarchical priors, as follows: For the specificities and prevalence, we set the following uniform prior: For the covariances CovDp and CovDn, the uniform priors were assigned according to equation (12) .
It is clear from Table 3 that the results from the two-stage Bayesian model with two-step hierarchical prior on Se 1 and Se 2 fit the data well in accordance with the criteria presented in the Model evaluation and checking section. All of the estimated values were close to their true values, and all fell within 95% Bayesian credible intervals over their corresponding true values. The effective number of parameters, a pD of approximately 3.9, indicates that the two-stage Bayesian strategy substantially improves the identifiability of the models. The χ 2 = 0.002 and P = 0.61 values indicate that the distributions of the replicated and actual data are similar. Table 3 shows the sensitivity and specificity of joint testing to be approximately 0.81 and 0.94, respectively, with the strategy of joint-simultaneous testing adding approximately 0. To analyze the influence of the prior distribution of sensitivities (Se i , (i = 1,2)) on posterior distributions, the non-informative prior, pessimistic and optimistic two-step hierarchical informative priors were assigned, respectively, as below: For the specificities and prevalence, the following uniform priors were assigned:
Sp i e uniform 0; 1 ð Þ; π e uniform 0; 1 ð Þ: Table 4 shows that prior information of the sensitivities produced substantive influence on the posterior distributions. The hierarchical informative priors on the sensitivities must be assigned reasonably in these types of studies.
Berry et al. analyzed the data using maximum likelihood by fitting the four versions of the models: (1) the independence model, (2) independence in the non-diseased group, (3) independence in the diseased group, and (4) the dependence model [6] . Based on the χ 2 test statistics, our models provide a better fit to the data than those in the Berry et al. paper. In addition, our method can estimate parameter intervals that were not reported in the Berry et al. paper. In fact, it is difficult for the method of Berry et al. to calculate the confidence intervals of certain complex statistics involved in joint simultaneous testing, such as the joint positive predictive value (PPV JE ), joint sensitivity (Se JE ), and joint specificity (Sp JE ), which are important in evaluating model fitting in this type of study.
Simulation studies
To further illustrate the performance of the two-stage Bayesian models, we applied them to a series of simulated data sets with a conditional correlation coefficient of ρ D+ = 0.5 for the diseased and ρ D-= 0.4 for the nondiseased, as would typically be found in practice. Because our models contain a large number of parameters and because the study design has been associated with a wide range of prevalence values, sample sizes, and test properties, it is impossible to investigate the performance of these models across all possible scenarios. We therefore selected a range related to the actual screening and diagnostic tests, based on the following parameters:
(1) low prevalence and large sample size, such as cancer screening for community population [30] and HIV-antibody screening for blood donors [31] . We also examined the consequences of specifying different prior information, which were divided into the four scenarios (Table 5) given below: the prior density of the sensitivities alone was centered at their true values, whereas the specificities and prevalence were assigned as non-informative priors. (3) two-step informative priors for sensitivities alone:
the priors of the sensitivities were assigned according to a two-step hierarchical prior with their upper bounds assigned as much vaguer and less risky priors, as described in the Prior distribution section. (4) informative priors for specificities alone: the prior density of the specificities alone was centered at their true values, whereas the sensitivities and prevalence were assigned as non-informative priors.
The results of applying our models to the simulated data sets are given in Tables 6 and 7 . Here, we would like to make the following general observations:
(1) It is clear that, as long as the priors of the sensitivities were correctly set, the models with informative priors for the model, informative priors for the sensitivities alone, and two-step informative priors for the sensitivities alone produced similar results, all of which were centered over the true values. This finding suggests that the prior distributions of the prevalence and specificities could be reasonably assigned as uniform (0, 1) in these types of studies.
(2) For models with informative priors for the specificities alone, the estimates of the prevalence and sensitivities were biased, and the corresponding credible intervals were very wide, suggesting that the precision of the estimated parameters was low. The negative pD-values meant that informative priors for the specificities alone are insufficient to estimate the parameters. Thus, the Bayesian models are non-identifiable from the perspective of probabilistic constraints [5] . The DIC was decreased because of the negative pD. (3) The parameter specificities were always estimated with greater precision than the sensitivities when Note: π, prevalence; U, uniform distribution. the prevalence was low. Because the specificities relate to the negative subjects, when the prevalence is low, there are more truly negative subjects who provide more experimental information for specificities than for sensitivities; thus, the more precise posteriori estimates of specificities are obtained.
All of the above results indicate that prior information on the sensitivities plays a key role in these types of studies. We consider one of the reasons might be that the prevalence was low, because in absence of enough positive individuals, the prior distributions of sensitivities produced substantive influence on the posterior distribution. The results from both practical case (Tables 3 and 4) and simulation study (Tables 6 and 7) supported the consideration.
As described in the Background section, one of characteristics of two stage screening tests is that the two tests in the first stage are often conditionally dependent on disease status and/or non-disease status [5] . To further study how the prevalence and test accuracy estimates vary with the model assumptions (dependent or independent) and to evaluate the impact of the misspecification of different models on the estimation of the prevalence and test accuracy, we performed four sets of simulations under the assumptions of the independent model for independent data, the independent model for dependent data, the dependent model for independent data, and the dependent model for dependent data. Table 8 shows that the independent models might generate incorrect statistical inferences for the conditional dependent data and larger DIC (323.08) values, indicating that the model was not appropriate for the data. For conditional independent data, the independent models and dependent models had similar results closer to their true values. Thus, we suggest that, when the researcher is uncertain as to whether the data are dependent or independent, the less risky dependent model should be used despite the slight loss of precision among the estimated parameters (widened credible interval).
Discussion
This article presents additional methods for the estimation problem for screening studies using two screening tests with the disease statuses being verified for test positives only. The core of the methods is that Bayesian modeling is divided into two stages characterized by a joint testing strategy based on the inherent attributes of this type of screening. The first stage is a joint simultaneous testing consisting of two dependent binary tests. The second stage is a special joint sequential testing that consists of simultaneous testing in the first stage and a gold standard test in the second.
Another method presented in this study involves assigning a diffuse and less risky two-step hierarchical Table 7 Posterior medians and 95 per cent posterior credible intervals for the application of the models to simulated data, with high prevalence (π = 0.4) and small sample size (n = 200) prior structure for sensitivities. Because reasonably informative prior information is necessary for resolving the non-identifiability problem in this type of study, we emphasized the setting of the sensitivity prior distribution based on the following three points. First, the priors of the sensitivity are more important than the priors of the specificity or prevalence when the prevalence is lower than 50%, as is often found in this type of study. Second, we placed the prior information of the sensitivity on the least possible quantity, i.e., diffuse prior or less risky prior information, such as two-step hierarchical prior structure, to reduce the influence of subjective opinion as much as possible on the results. Third, we set the prior structure to be as easy as possible for use by nonstatisticians so that uniform prior distributions could be used in this study. We found that when the priors of the sensitivities were assigned as appropriate priors, such as two-step hierarchical uniform priors, in the absence of priors for the specificities and prevalence (e.g., assigning a uniform distribution on (0,1)), the parameters involved in this study could still be estimated well. However, changing the prior structure of the sensitivities has a substantive effect on the estimators (Tables 4, 6 and 7). The reasons for these results are presented in the Simulation studies section. Here, we would like to state that this finding has important practical significance because the sensitivities (related to the diseased population) can often, but not always, be obtained more easily than the specificities (related to the healthy population) in medical practice. This characteristic is partially based on the increased feasibility of applying the gold standard test to the diseased population compared with the healthy population, owing to the frequent invasiveness, expense, and sophistication of many gold standard tests, particularly ones with further ethical implications. Therefore, we suggest that the prior structure of the sensitivities should be thoroughly investigated for scenarios in low-prevalence populations.
To our knowledge, this study is the first to estimate test accuracy and disease prevalence for two dependent dichotomous screening tests with unverified negative individuals on both tests using two-stage Bayesian modeling. Recently, Bohning and Patilea, Chu et al., and Li et al. proposed two-stage methods to address the non-identifiability problem [7, 8, 11] . Their two-stage estimation methods differ from ours. In the first stage, Bohning and Patilea [11] , Chu et al., and Li et al. [7, 8] estimated the parameters of known cells; in the second stage, they estimated the parameters of unknown cells by making assumptions regarding the cell probabilities of various homogeneous association models. They circumvented the non-identifiability problem using a capture-recapture approach or constrained maximum likelihood estimation. Because all of the models are saturated, homogeneous association assumptions are not testable. Therefore, the dependence structure modeling considered can only be viewed as a sensitivity analysis [7] . They did suggest that Bayesian methods that incorporate prior information could be a reasonable alternative to obtain improved estimates, although further research is needed [8] . Their suggestion was an important factor in initiating our study.
Our two-stage approach has certain advantages over the previous methods. First, our method can be understood more easily and used with greater convenience by non-statisticians because the procedure of constructing the model fully agrees with the practical screening procedure. Additionally, the modeling often only involves the prior distribution for the sensitivities, because the prior distributions of the specificities and prevalence are assigned a non-informative uniform distribution of (0, 1), respectively. Moreover, the method of model checking is simple, intuitive, and convenient, as pD and DIC can be obtained directly using WinBUGS. Second, this method improves non-identifiability more reasonably, as probabilistic constraints not deterministic constraints (simplifying the model) are used. Third, the method could obtain more Table 8 Posterior medians and 95 per cent posterior credible intervals for the application of the dependent and independent models to simulated dependent and independent data (two-step informative priors for sensitivities alone were assigned (see Table 5 information to evaluate the screening strategy than the capture-recapture approach or constrained maximum likelihood estimation [7, 8, 11] . For example, the method could conveniently calculate the joint sensitivities and joint specificities and make corresponding statistical inferences, such as 95% credible intervals (Table 3 ). In the framework of frequency statistics, such as capturerecapture approaches or constrained maximum likelihood estimations, it is often difficult to obtain statistical inferences about the joint sensitivities and joint specificities in these types of studies.
Conclusions
We developed a two-stage Bayesian method for two dependent dichotomous screening tests with unverified individuals who are negative on both tests. We also addressed the ad hoc model evaluation and checking procedures based on empirical information for these types of studies. Although the practical example and simulation studies considering various practical situations showed that these models fit well, three points should be clarified.
(1) Due to the lack of full data, it is impossible to check the model completely without further information. (2) Although our Bayesian two-stage modeling improves non-identifiability based on probabilistic constraints, the informative prior information on the sensitivities must be assigned reasonably, even though the prior could be diffuse, as in the two-step hierarchical uniform prior. (3) Using our real example and simulated scenarios related to real-life situations, the priors of the sensitivities are more important than the priors of the specificities. However, when the prevalence is large, especially if it is greater than 50% (rare in medical screening tests), the same attention should be paid to the priors of the specificities.
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